Abstract: A hybrid MPPT (maximum power point tracking) controller integrates FLC (fuzzy logic controller) and P&O (Perturbation and Observation) method for MMPT of PV (Photovoltaic) under dynamic weather conditions is proposed. An adaptive neuro-fuzzy inference system is used to optimize parameters and membership functions of FLC. FLC is used to find the region of MPP (maximum power point); then, P&O technique is employed to accurately track the MPP. MATLAB/Simulink models are built to evaluate the performance of the proposed hybrid algorithm. In order to validate the performance of the proposed algorithm, comparisons with standalone FLC and P&O are carried out. The performance of the proposed algorithm is tested against dynamic weather condition. The results showed that the proposed algorithm successfully improve the dynamic and steady state responses of PV under severe dynamic weather condition. More specifically, the proposed approach shows its capability to attain the MPP faster than P&O and provided higher power than the standalone FLC. Finally, the proposed algorithm overcomes the limitations associated with FLC and P&O.
Introduction
In the presence of the global growing demand for energy, renewable energy sources provide the most promising alternatives. Among all other renewable energy resources, solar energy is the most plentiful and permanent [1] . The available solar power is 1.8 × 10 11 MW, which is far larger than the global energy consumption rate [2, 3] . The photovoltaic technology is considered the most prominent method of utilizing solar energy. The power generated from PV (Photovoltaic) system depends on irradiance levels, temperature, shading, and other weather conditions. The MPP (maximum power point) varies with the radiation, thus the maximum power point MPP tracking algorithm is crucial to find and maintain maximum power levels. Using DC/DC convertors, PV generators are continuously being driven to operate at the voltage proposed by the algorithm to supply the load with the maximum available power.
Many algorithms were developed to drive PV generators to work at their MPP using the so-called maximum power point tracking (MPPT). The tracking algorithms are classified based on their functionality into direct and indirect methods. The indirect methods are based on experimentally obtained databases. Examples of these methods are curve fitting, look-up tables, open-circuit voltage method, short circuit current method, and the open-circuit voltage test cell method [4] . On the other hand, the direct methods are based on true measurements of voltage and current. Examples of direct methods are the conductance incremental method, differentiation methods, the perturbation and observe method, parasitic capacitance method, and the artificial intelligent methods [4] . assist FLC in with solar irradiance and cell temperature as the input variables. However, ANN technique needs a great amount of training data to acquire reasonable results, which could limit its application [33] . Moreover, methods which were proposed to enhance the tracking speed of FLC, hard to be to realize using low-cost microcontrollers compared with conventional FLC. On the other hand, Algarín et al. presented a low-cost MPPT system based on neural network inverse model controller [37] . Simulation results demonstrated the superiority of a neural controller over the P&O.
Several hybrid MPPT algorithms have been proposed by many researchers recently [38] [39] [40] [41] [42] [43] [44] to deal with partial shading conditions. A hybrid controller combines the advantages of fuzzy logic and conventional PID control is proposed by [38, 39] . Jiang et al. proposed a hybrid MPPT controller that combines ANN and P&O without irradiance sensor [40] . ANN, which is used to train several partial shading cases offline, is used to predict the region of MPP, then the P&O technique is employed to accurately track the MPP. Seyedmahmoudian et al. proposed a MPPT technique that employs a hybrid evolutionary algorithm, which combines particle swarm optimization (PSO) and differential evolution (DE) [41] . The proposed technique shows several advantages in the MPP tracking under partial shading conditions. Daraban et al. proposed an MPPT technique that embeds the P&O algorithm in genetic algorithms structure [42] . Each individual carrying an information of the reference voltage, the direction and the step value. Lian et al. presented a hybrid MPPT algorithm that combines P&O and the PSO method [43] . Initially, the P&O method is employed to locate the nearest local maximum. Then, the PSO method is employed to locate the MPP starting from that point. Sundareswaran et al. combined PSO and P&O MPPT algorithm [44] . In the first stage, PSO is used to locate the MPP. Then, the MPP tracking is performed using P&O method.
The main objective of this study is to develop an efficient MPPT algorithm that overcomes the problems with conventional methods under sudden changes and partial shading conditions. The developed algorithm should have higher efficiency, faster convergence and lower oscillation about the global MPP under severe weather conditions. The proposed algorithm is a hybrid combination between the fuzzy logic controller (FLC) and the conventional perturb and observe (P&O) method. It finds the MPP using P&O algorithm with a small step size initialized with a duty cycle obtained from FLC algorithm. Utilizing FLC rapidly brings the system to the vicinity of the MPP and allows the use of a small step size in the P&O algorithm for higher accuracy and lower oscillations. The performance of the proposed algorithm is investigated by building MATLAB/Simulink models consisting of the photovoltaic system, boost converter, and controllers. Fuzzy controller's parameters and membership functions are optimized employing the adaptive neuro-fuzzy inference system (ANFIS). Comparisons against standalone FLC and P&O controllers are performed to assess the performance of the proposed hybrid algorithm.
PV Modeling and Characteristics
PV cells have p-n junction generating electrical power by using photons. It generates electricity when absorbing solar irradiance. When a load is connected to the PV cell, a direct current is generated until the irradiance gets stop. The PV cell is modelled using the single diode model. The model comprises a current source, a diode, a series resistance, and a shunt resistance. The characteristic equations of PV cell are found in [45, 46] . Typically, the generated voltage from one cell varies from 0.5 to 0.8 V depending on the manufacturing technology. To boost this low voltage and make it more useful, dozens of PV cells are connected in series forming the PV module [47] . Based on the single diode model, the output current of the photovoltaic module Ipvm is [46] :
where, I PV is the current generated by the cell, I ph is the solar generated current, I sh is the shunt resistance current and ID is the diode current, q is an electron charge (1.6 × 10 −19 C), T is the cell's operating temperature, K b is the Boltzmann's constant (1.38 × 10 −23 J/K), A is the diode ideality factor, R s is the series resistance, V PV and I PV are the photovoltaic operating voltage and current respectively, I DS is the diode saturation current. Equation (1) is modeled in MATLAB/Simulink employing 72 cells connected in series based on the electrical specifications provided by SUNTECH STP270-24/Vd PV module datasheet shown in Table 1 . MATLAB and Simulink have been successfully used for modelling and simulations of PV systems. The simulations models for I-V and P-V curves are in a good agreement with experimental tests for different operating conditions and array setup configurations [48] . The typical P-V and I-V nonlinear characteristics of the PV module are shown in Figure 1 . As can be seen from the curves in Figure 1 , maximum power occurs at a unique point called maximum power point MPP. MPPT is used to make the system operate at this specific point. The partial shading occurs when a part of the system experiences some shadowing. Multiple peaks appear in the PV characteristic when the system is subjected to partial shading conditions as shown in Figure 1c where, Ipv is the current generated by the cell, Iph is the solar generated current, Ish is the shunt resistance current and ID is the diode current, q is an electron charge (1.6 × 10 −19 C), T is the cell's operating temperature, Kb is the Boltzmann's constant (1.38 × 10 −23 J/K), A is the diode ideality factor, Rs is the series resistance, Vpv and Ipv are the photovoltaic operating voltage and current respectively, IDS is the diode saturation current. Equation (1) is modeled in MATLAB/Simulink employing 72 cells connected in series based on the electrical specifications provided by SUNTECH STP270-24/Vd PV module datasheet shown in Table 1 . MATLAB and Simulink have been successfully used for modelling and simulations of PV systems. The simulations models for I-V and P-V curves are in a good agreement with experimental tests for different operating conditions and array setup configurations [48] . The typical P-V and I-V nonlinear characteristics of the PV module are shown in Figure 1 . As can be seen from the curves in Figure 1 , maximum power occurs at a unique point called maximum power point MPP. MPPT is used to make the system operate at this specific point. The partial shading occurs when a part of the system experiences some shadowing. Multiple peaks appear in the PV characteristic when the system is subjected to partial shading conditions as shown in Figure 1c As shown in the P-V characteristic of the PV array, it's clear that any change of the voltage delivered to the load results in a change of the power produced by the PV module. To track the maximum power point, an electronic device called boost convertor is usually inserted between the PV generator and the loads to control the voltage extracted by module without the need of continuously changing the load. The output voltage of the boost convertor is controlled using a train of pulses produced by a pulse generator. The duty cycle D of the generated pulse width modulated signal relates the output voltage V o to the input voltage Vi as:
MPPT Algorithms
MPPT algorithms are implemented to find the optimal duty cycle to maintain the maximum power levels of PV systems.
P&O Algorithm
The detailed description of P&O can be found in [4] . The flow chart of the P&O algorithm can be summarized as follows; after recording the present power levels produced by the system, the algorithm performs a perturbation to the operating point by means of changing the duty cycle and measures the resulting power accordingly. If there is an increase in the power levels, iteration is performed in the same direction. Otherwise, iteration in the reverse direction is carried out. The peak is detected when the power oscillates about a certain value, i.e., increasing and decreasing the duty cycle result in less power levels.
Fuzzy Logic Controller (FLC)
The fuzzy logic deals with partially true variables ranging between fully false and the fully true. The fuzzy based controllers can effectively deal with the nonlinearity in the I-V characteristics of PV systems. It forms an approximation that maps input values to their predicted outputs based on IF-THEN rules. The fuzzy logic controller is operated using membership functions instead of the mathematical model. It consists of three stages: fuzzification, inference mechanism, rule-based table look-up and defuzzification. It has two inputs (power and ∆V) and one output (D). As shown in Figure 2 , the generated inference system consists of two inputs (open circuit voltage and short circuit current) and one output (the desired duty cycle). Each input comprises five Gaussian type membership functions as shown in Figure 3 . Figure 4 shows the surface generated for the fuzzy controller. The fuzzy controller proposed in this paper is built using an adaptive neural network for a Sugeno-type fuzzy model. We choose this model because it is less time consuming and more transparent than other fuzzy models. The adaptive neuro-fuzzy inference system (ANFIS) generates rules and membership function parameters and tune them based on a given input-output data set. In order to train the neural network and tune the fuzzy controller parameters, a set of input-output data is obtained manually using MATLAB/Simulink models. Two models were used; the first one not shown was used to record the maximum available power at each insolation level ranging from 100 to 1000 (W/m 2 ) in partial and full shading conditions. The second one not shown was used to seek the optimum duty cycle manually in an iterative manner and to record the corresponding open circuit voltage and the short circuit current. Fifty-five input-output data sets are finally produced. It is worth mentioning that these types of modelling work well if there are a large number of data to be used for training. The fuzzy controller proposed in this paper is built using an adaptive neural network for a Sugeno-type fuzzy model. We choose this model because it is less time consuming and more transparent than other fuzzy models. The adaptive neuro-fuzzy inference system (ANFIS) generates rules and membership function parameters and tune them based on a given input-output data set. In order to train the neural network and tune the fuzzy controller parameters, a set of input-output data is obtained manually using MATLAB/Simulink models. Two models were used; the first one not shown was used to record the maximum available power at each insolation level ranging from Resources 2018, 7, 68 7 of 16 100 to 1000 (W/m 2 ) in partial and full shading conditions. The second one not shown was used to seek the optimum duty cycle manually in an iterative manner and to record the corresponding open circuit voltage and the short circuit current. Fifty-five input-output data sets are finally produced. It is worth mentioning that these types of modelling work well if there are a large number of data to be used for training.
Adaptive neuro-fuzzy inference system (ANFIS) integrates fuzzy logic and neural networks. It has the potential to capture the benefits of both methods in a single framework. The neural networks NN algorithm is operated based on internal data training, while external data training is used for fuzzy logic algorithm operation. The tracking error and change in error are fed as input to the neural network while the NN output is fed as an input to the fuzzy system. The parameters used to train the FLC using ANFIS are listed in Table 2 . 
Proposed Hybrid MPPT Algorithm
The main idea of the hybrid proposed algorithm is to take the advantages of the strength of both FLC and P&O algorithm in a single frame work. FLC can work under dynamic weather conditions with limited accuracy, while P&O algorithm can achieve high accuracy when using small step size. A high performance algorithm can be developed by using FLC to provide the P&O with initial guess in region of maximum power point. Therefore, the proposed hybrid algorithm combines the quickness of approximation from the fuzzy system with the accuracy of P&O method. Schematic diagram of PV system with hybrid MPPT used to build MATLAB/Simulink model is showing in Figure 5 . 
Results and Discussion
In order to validate the performance of proposed hybrid algorithm, a comparison between its performance with classical P&O method alone, and FLC alone is presented. To accurately investigate the performance of the FLC, tracking error, and tracking efficiency are defined [2] : 
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Performance of FLC Alone
Fuzzy controller's parameters and membership functions developed in this study are optimized by employing the adaptive neuro-fuzzy inference system (ANFIS). A training set of 55 data points are used. In order to evaluate the robustness of FLC algorithm under random weather conditions, two cases are simulated; (1) Assessing the performance at the same training data points; (2) Assessing at different points. Figure 6a ,b show that the fuzzy controller was able to produce more than 97% of the available power when PV modules are tested at the same data point. On the other hand, testing far from trained data points, the FLC was able to harvest only 85% of the available power (see Figure 6c,d ). This demonstrates that FLC is always capable of placing the system to the region of the MPP. It is worth mentioning that using large number of data for training is not practical to enhance the accuracy of FLC, because this required large number of membership functions that consume higher processing time. Table 3 further illustrates that FLC is efficient in harvesting power when weather conditions are the same trained data points and its efficiency decreases as weather conditions deviates from these points. Finally, the curves presented in Figure 6 show that the FLC has fast convergence around the desired MPP, i.e., it reaches the MPP in less than 0.25 s in all cases. 
Performance of P&O Alone
The step size of the P&O method affects the performance greatly due to its iterative nature. During iterations, the current duty cycle changes either up or down. To illustrate the effect of step size on the performance of P&O algorithm, two step sizes were simulated under uniform shading conditions. It can been see in Figure 7a that increasing the step size leads to faster convergence, but on the other hand leads to wider oscillations. On the other hand, using small step size enhances power output and reduces oscillations. This behavior can be explained as follows; using large step size can cause overstepping local maxima, hence, less efficiency and wider oscillations about the peak power comparing to the case of using small step size.
Partial shading occurs when some portions of the PV array experience different irradiation levels, more than one peak appear in the P-V characteristics and many local maximum power points exist. Among these power points, only one is the maximum power point, i.e., global peak. Due to the nature of P&O method, searching starts for the closest peak by changing the duty cycle that is originally set to zero. Therefore, the algorithm recognizes the maximum power point associated with the least duty cycle even if it is not the global peak. On other words, the algorithm might get trapped in the local peak. It continuously oscillates around the first peak found which is not necessarily the global. To demonstrate this phenomenon, partial shading conditions are applied to the PV system by dividing the PV panel into two portions each with different radiation level. Figure 7b ,c shows that P&O got trapped in a local maximum under partial shading conditions of (1000, 300) W/m 2 . 
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Performance of the Hybrid Proposed Algorithm
The performance of the proposed hybrid algorithm under three weather conditions is assessed. These conditions are (a) uniform condition; (b) partial shading; (c) sudden changes. The performance of the hybrid algorithm is compared against FLC alone, and P&O alone. Several uniform conditions are simulated and the results are presented in Figure 8 . It can be seen in Figure 8 that all algorithms approach MPP under uniform conditions. Moreover, the hybrid algorithm has faster response and has the ability to deliver more power than P&O. P&O can deliver higher power if decreasing the step, size which is unavoidably accompanied by a slower response. 
The performance of the proposed hybrid algorithm under three weather conditions is assessed. These conditions are (a) uniform condition; (b) partial shading; (c) sudden changes. The performance of the hybrid algorithm is compared against FLC alone, and P&O alone. Several uniform conditions are simulated and the results are presented in Figure 8 . It can be seen in Figure 8 that all algorithms approach MPP under uniform conditions. Moreover, the hybrid algorithm has faster response and has the ability to deliver more power than P&O. P&O can deliver higher power if decreasing the step, size which is unavoidably accompanied by a slower response. To further evaluate the performance of the proposed algorithm, several partial shading cases are simulated. Figure 9 shows the performance of the hybrid controller under several partial shading conditions. For all simulation cases studied, the hybrid controller successfully finds the global maximum power point while the P&O got trapped in the local MPP. As mentioned earlier, the fuzzy controller always finds the duty cycle that brings the system to the vicinity of the global MPP. The P&O part of the hybrid controller uses this duty cycle as an initial guess to further increase the power obtained by the PV module.
The P&O algorithm has a relatively long recovery time when exposed to sudden changes in radiation levels. To assess the proposed algorithm under this condition, several simulations are conducted by replacing the constant irradiation input of the PV model with a step signal. The results showed in Figure 10 show that the proposed algorithm rapidly finds the new MPP. For example, Figure 10a shows the performance when the radiation changes from 1000 W/m 2 to 700 W/m 2 , the power obtained from P&O controller changed from 259 W to 70 W in 0.4 s while it took only 0.15 s for the proposed controller to change the power from 267 W to 72 W. Table 4 lists comparisons between P&O with different step sizes, Fuzzy and the proposed hybrid controllers. It is clear from simulation results listed in Table 4 that the proposed hybrid controller successfully outcome the shortages of fuzzy and P&O algorithm alone. To further evaluate the performance of the proposed algorithm, several partial shading cases are simulated. Figure 9 shows the performance of the hybrid controller under several partial shading conditions. For all simulation cases studied, the hybrid controller successfully finds the global maximum power point while the P&O got trapped in the local MPP. As mentioned earlier, the fuzzy controller always finds the duty cycle that brings the system to the vicinity of the global MPP. The P&O part of the hybrid controller uses this duty cycle as an initial guess to further increase the power obtained by the PV module. To further evaluate the performance of the proposed algorithm, several partial shading cases are simulated. Figure 9 shows the performance of the hybrid controller under several partial shading conditions. For all simulation cases studied, the hybrid controller successfully finds the global maximum power point while the P&O got trapped in the local MPP. As mentioned earlier, the fuzzy controller always finds the duty cycle that brings the system to the vicinity of the global MPP. The P&O part of the hybrid controller uses this duty cycle as an initial guess to further increase the power obtained by the PV module.
The P&O algorithm has a relatively long recovery time when exposed to sudden changes in radiation levels. To assess the proposed algorithm under this condition, several simulations are conducted by replacing the constant irradiation input of the PV model with a step signal. The results showed in Figure 10 show that the proposed algorithm rapidly finds the new MPP. For example, Figure 10a shows the performance when the radiation changes from 1000 W/m 2 to 700 W/m 2 , the power obtained from P&O controller changed from 259 W to 70 W in 0.4 s while it took only 0.15 s for the proposed controller to change the power from 267 W to 72 W. Table 4 lists comparisons between P&O with different step sizes, Fuzzy and the proposed hybrid controllers. It is clear from simulation results listed in Table 4 that the proposed hybrid controller successfully outcome the shortages of fuzzy and P&O algorithm alone. The P&O algorithm has a relatively long recovery time when exposed to sudden changes in radiation levels. To assess the proposed algorithm under this condition, several simulations are conducted by replacing the constant irradiation input of the PV model with a step signal. The results showed in Figure 10 show that the proposed algorithm rapidly finds the new MPP. For example, Figure 10a shows the performance when the radiation changes from 1000 W/m 2 to 700 W/m 2 , the power obtained from P&O controller changed from 259 W to 70 W in 0.4 s while it took only 0.15 s for the proposed controller to change the power from 267 W to 72 W. Table 4 lists comparisons between P&O with different step sizes, Fuzzy and the proposed hybrid controllers. It is clear from simulation results listed in Table 4 that the proposed hybrid controller successfully outcome the shortages of fuzzy and P&O algorithm alone. 
Testing the Performance at Random Weather Conditions
FLC requires large number of training data points to work well. Fuzzy controller generated using adaptive neuro-fuzzy inference system is found highly accurate when tested at the same data points that were used for training it. Otherwise, its accuracy decreases significantly when tested far from those points. It is worth mentioning that using large numbers of data for training is not practical to enhance the accuracy of FLC, because this required large number of membership functions that consume higher processing time. To clarify this point, we simulated partial shading case where the amount of solar radiation is far from those implemented to train the fuzzy controller. Figure 11 shows the performance of the three algorithms when 36 cells of PV is subjected to 985 W/m 2 and the other 36 cells are exposed to 317 W/m 2 . These weather conditions points were not utilized for training. It can be seeing in Figure 11 that that P&O got trapped in the local maximum i.e., local maximum power point is 89 W, where the global maximums power point for this weather condition is 118 W. Moreover, the accuracy of FLC was extremely low. i.e., FLC alone was only able to deliver only 84.5% of the maximum available power. Finally, the proposed hybrid controller skipped the fake maxima because of the initial guess generated from fuzzy controller and improved this interpolation and successfully reached the maximum available power of 118 W. Finally, Table 5 compares between the performance of the proposed hybrid algorithm with FLC alone for several cases at weather conditions not utilized for training. It is clear that the hybrid algorithm was successfully able to harvest over 99% of the maximums power available for all random weather conditions, while the FLC efficiency decreases significantly when conditions points are far from those used for training.
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Conclusions
An efficient and highly accurate hybrid MPPT controller combines FLC and the P&O method for MMPT of PV under dynamic weather conditions is proposed. ANFIS is employed to optimized parameters and membership functions of FLC. FLC is used to predict the region of MPP, then, P&O technique with a small step size is employed to accurately track the MPP. It utilizes the strength of both the conventional P&O and FLC in a single work frame. MATLAB/Simulink models are built to validate the performance of the proposed algorithm under dynamic weather conditions. Simulations results show that the conventional P&O algorithm has slow rate of convergence when using a small step size, and has a large inaccuracy when using a large step size. Moreover, it fails under sudden changes of weather conditions and under partial shading conditions. On the other hand, although FLC has a fast response under dynamic weather conditions, but was found to lack the accuracy in some operating conditions (i.e., when weather conditions are far from those used for training). The proposed method was able to improve the steady and dynamic states performance, prevent the conventional P&O algorithm from being trapped in a local maximum under fast-changing irradiation and partial shading conditions. Simulation results illustrate the robustness and effectiveness of the proposed algorithm under severe dynamic weather conditions, even at points not utilized in training data. More specifically, the computational time is reduced, the accuracy is higher, and the efficiency is improved. For future work, the performance of the proposed algorithm will be compared against recently developed improved controllers. Furthermore, a low-cost, easily implemented stable efficient controller will be investigated.
